Link to publication
Introduction
The hypotheses of efficient markets and rational agents have long formed the basis of economic models. Lately, however, an increasing body of research focuses on market irrationality, behavioral biases, and crowd psychology. This article attempts to capture the emotions that influence investor decisions by extracting them from digital media data such as online news and social media platforms.
There is a substantial literature confirming the significance of irrationality in financial markets. Early work by De Long et al. [1990] distinguished two groups of investors: arbitrageurs and irrational noise traders. Shleifer and Vishny [1997] showed how unpredictable and longlasting beliefs of noise traders can cause prices to diverge significantly from their fundamental values even in the absence of fundamental risk. They stressed that it is essential to understand the source of noise trading that causes the mispricing. Sentiment is one way of measuring investor mood swings. In this study, we focus on Internet sentiment specifically. Internet sentiment has a number of advantages, such as rapid availability and lack of the response bias associated with traditional surveys. Another noteworthy feature is that indicators of Internet sentiment, including those used herein, typically measure the sentiment of a broad section of the population at large, rather than just investors. Bollen, Mao and Zeng [2011] argued that " [i] t is therefore reasonable to assume that the public mood and sentiment can drive stock market values as much as news" (p. 1). In that sense, and because the information is publicly available, tests for predictive power of internet sentiment are essentially tests for semistrong market efficiency. Table 1 provides an overview of previous studies based on sentiment data. We distinguish four different sources of online sentiment which may potentially influence financial markets in different ways: professional news such as Wall Street Journal columns (Tetlock [2007] ), chatter by retail investors, for example on Twitter (Rao and Srivastava [2013] ), consumer generated content on Amazon.com or eBay (Tirunillai and Tellis [2012] ), and general well-being as measured with Facebook's Gross National Happiness Index (Karabulut [2013] ). Predictive relationships between sentiment and stock returns are found in many studies (but not in all), but their directions are often conflicting. For example, Antweiler and Frank [2004] scanned messages in Internet stock chat rooms for buy, hold, and sell recommendations, and find that message activity does not predict returns, but rather return volatility. Other studies find that sentiment leads volatility by investigating the implied Volatility Index VIX (see Table 1 ). Message posting has also been shown to correlate with trading volume, which in turn is positively correlated with volatility (Jones et al. [1994] ).
The unique contribution of this study is threefold. First, we rely on the Thomson Reuters Marketpsych Indices (TRMI). The TRMI scan 50,000 professional news and 2 million social media sites for content every day, dating back to 1998. For each of these two types, they monitor 24 different emotions, rather than just bipolar positive or negative sentiment.
Second, we employ a regime-switching model to examine the impact of sentiment on both expected returns and conditional volatility. Specifically, we use a general Markov-switching model as described in Hamilton [1994] , with sentiment variables in both the conditional mean and volatility equation. A tworegime setup allows us to investigate the effect of sentiment separately for calm and stressed markets. Likelihood ratio tests against simpler specifications clearly favor our model, as do information criteria and a backtesting exercise. We find that the impact of sentiment on conditional volatility is greater than the effect on expected returns, and that it plays a larger role in the regime that can be identified with high volatility periods such as the Internet bubble and the recent financial crisis.
Third, the TRMI employ entity reference algorithms to categorize web content according to the industry it concerns. This allows us to consider ten different equity sectors separately, rather than an industry-wide index as is typically done. More importantly, by using as our dependent variable the excess returns per sector over the market, we implicitly control for potential macroeconomic confounders, at least to the extent that they affect the market as a whole. Using monthly data, Stambaugh, Yu and Yuan [2012] found that the effect of sentiment is robust to including macro variables. In this study, we rely on daily data, which makes it impossible to explicitly control for macro factors due to the lower frequency with which they are published. Being able to control for them implicitly is thus a major advantage. The focus of the study is on the industrial and financial sectors, with results for other sectors available from the authors upon request.
The remainder of the study is organized as follows. In the second section we introduce the model. A description of the data is given in the third section. In the fourth section we provide estimation results, and in the fifth section we offer a conclusion.
Model framework
Before discussing our general regime-switching model, we introduce the mean and variance specifications to be used therein in the single regime setting. Let
denote the log return of an equity sector at time t. We model the conditional mean and variance respectively as
log s
where p and k are non-negative integers and 2 t is i.i.d. with mean 0 and variance 1. Equation 1 is referred to as an ARX Model; an AR(P) model, augmented by the exogenous explanatory variables x i,t-1 . The AR structure is designed to remove any linear dependence from the asset return series {r t }, though market efficiency would dictate that such dependence be weak. Gilbert and Karahalios [2010] found that their anxiety index is an alternative to the VIX fear gauge.
The volatility dynamics given in Equation 2 will be referred to as an EGARCHX specification. It is based on the exponential GARCH (EGARCH) model proposed by Nelson [1991] . As before, the "X" refers to the inclusion of the exogenous variables v i,t-1 as in Liu, Margaritis and Wang [2012] . There are two advantages to using an EGARCH specification as opposed to the GARCH(m,s) structure of Bollerslev [1986] as in Chebbi, Louafi and Hedhli [2013] and Han and Kristensen [2012] . First, it allows for an asymmetric news impact curve: due to the leverage effect, one expects a large negative shock to increase volatility more than a positive shock of similar absolute magnitude. This will be true if a 1 < 0. Second, in a GARCH specification, it is difficult to ensure positivity of the conditional variance if exogenous regressors are included. Han and Kristensen [2012] solved this problem by squaring the exogenous regressors and imposing a non-negativity constraint on the parameters. The drawback of this approach is that negative and positive values have the same impact on volatility, so that any asymmetry is removed. Taking the exponential as in Equation 2 ensures that the conditional variance is always positive without any parameter restrictions. The model is easily extended to higher lag orders, but we constrain ourselves to the EGARCHX(1,1) model. The model is weakly stationary if jb 1 j < 1 and easily estimated using quasimaximum likelihood, yielding consistent and asymptotically normal estimates under weak regularity conditions.
The previous ARX-EGARCHX model assumes the relationships between variables to be constant over the entire sample, and in particular to be identical in bear and bull markets. Gray's [1996] generalized regimeswitching model lifts this restriction, by allowing the model parameters in Equations 1 and 2 to take two different values, depending on a latent regime indicator S t 2{1,2}. Every period, the system either remains in the regime it is currently in, or transitions to the other. The transition probabilities are assumed constant 1 and can thus be collected in a matrix
where P and Q are model parameters to be estimated. The fact that S t is unobserved complicates estimation: the log-likelihood is
where
and the ex ante probabilities p it D P S t D i j F t ¡ 1 ð Þcan be evaluated by a recursive updating procedure known as the Hamilton filter [Hamilton, 1994] 
The p it are known as the filtered probabilities. For later reference, the smoothed probabilities P S T D i j F T ð Þ incorporate information from the entire dataset.
To complete the model, it remains to specify m it and s it 2 in Equation 4. It appears natural to assume the general form of Equations 1 and 2. This would imply however that the volatility at time t depends on the regime at time t -1, which is unobserved. Similarly, the volatility at time t -1 in turn depends on the regime at t -2, and so on. This problem of full path dependence is illustrated graphically in Gray [1996] . His solution is to modify the EGARCH equation as
The single regime EGARCH Process (2) is stationary if b < 1. For the model in Equation 5, this condition is sufficient, but it is unclear whether it is necessary. In our empirical application, we will impose the condition nevertheless, and it rarely appears to bind. We refer to the full model as the MS-EGARCHX model.
Data
Our data are collected by Marketpsych Data and are provided by Thomson Reuters. The TRMI are sentiment indices, updated every minute and comprising time series of human emotions derived from online media sources, dating back to 1998. Web content crawled from the Internet is screened for its financial relevance, and emotions are extracted that are specific to several financial markets. The TRMI distinguish between content derived from news and content derived from social media. This allows us to compare the impact of professional news with that of content associated with retail investment. For the first category, more than 50,000 Internet news sites are scraped every day, including leading news sources such as The New York Times, The Wall Street Journal, and Financial Times. Less influential news sources are captured through crawler content from Yahoo! and Google news aggregators. We will refer to this category as news.
The TRMI social media content stems from more than 2 million social media sites. Primary sources include Stocktwits, Yahoo! Finance, Blogger, and other common chat rooms, forums, and blogs. The collection starts in 1998 with a number of small Internet forums, and the content analyzed grows dramatically with the rise of large social media platforms in the second half of the previous decade. Marketpsych claims to capture the top 30% of blogs, microblogs, and other social media sources. Mentions associated with retail consumption are excluded, the idea being that, for example, content from a forum on how to repair a Dell laptop will not aid in forecasting technology stocks. We refer to this type of data as social media.
The entire content base includes over 2 million new articles and posts every day. Minutes after publication, new content is processed into the TRMI feed, after which linguistic software scores the content specific to companies, currencies, commodities, and countries. The algorithm searches for keywords around the topic mentioned and looks for up words and down words in a dictionary. For example, terrible will yield a negative score, but terribly good should yield a (doubly) positive score. Machine learning algorithms are employed to resolve ambiguities and deal with variations in data sources and changes in a word's meaning over time. These linguistic techniques allow The TRMI to score along a number of dimensions, including specific emotions and so-called buzz metrics, unlike the simple bipolar sentiment variables derived from the psycho-social categories based on the Harvard General Inquirer lexicon as used in Tetlock [2007] and Mao, Counts and Bollen [2011] . Buzz is the term used by Marketpsych for message volumes, so that, for example, the variable litigations gives an indication on the amount of discussion on people being fired. In total there are 24 variables available for each equity sector index: see Table A1 in Appendix A. More details on the TRMI can be found in the Marketpsych white paper (Peterson [2013] ).
The TRMI track a broad range of entities including 29 currencies, 34 commodities, and 119 countries. We focus on 10 of 41 equity indices that correspond to the 10 MSCI U.S. equity sectors. The TRMI daily readings come in every day at 20.30, with the first observations on January 1, 1998, for both the news and social media data type. The last reading in our sample is on June 30, 2013, totaling 5,660 observations. There are 809 weekends in this 15.5-year period, leaving 4,042 weekdays. We use the social media sentiment series from the launch of Twitter in August 2006 onward, as this caused a major structural break in the series. This results in a total of 1,804 readings.
In the following we describe the transformations that are applied to the data. There are structural breaks in the data that coincide with the addition of new data sources to the news and social media feeds ( Figure 1 ). As the dates of these breaks are known, their existence can be confirmed with a variation of Chow's breakpoint test. For testing the break in the mean (variance), one regresses the levels (squares) of the series on an intercept and a post-break dummy. Table 2 shows the results for news sentiment in the Industrials sector. Clearly the breaks are highly significant. We correct for them by standardizing each period, using the mean and standard deviation per period.
An increasing trend in news buzz is removed by dividing buzz by its four week moving average. We refer to the resulting variables as buzzweights, defined as
In order for the regression in Equation 1 to be valid, the x i,t need to be stationary. This is tested by applying augmented Dickey-Fuller (ADF) tests to buzzweight and the sentiment series. In all cases, the null hypothesis of nonstationarity is rejected. However, some of the sentiment series exhibit strong daily seasonality. For example, the top panel of Figure 1 shows that sentiment is structurally more positive during the week than on weekends for the Industrials sector. The box plots in the lower panel reveal additional intra-week differences: sentiment on Industrials equity depresses over the week from Monday to Friday. We correct for the daily seasonality using the simple additive model
where S t denotes the daily seasonality. The deseasonalized time-series I t is obtained by subtracting the seasonal effects from Y T . We estimate S t as the averages of each day of the week over the entire time frame.
Missing observations occur in sentiment series when there were no conversations on a specific topic on a given day. This differs from a zero reading in the sense that the latter did involve buzz, but people were neutrally disposed on a subject. We impute missing observations by carrying the previous observation forward. As shown in Ryan and Giles [1998] , this imputation method leads to ADF tests with superior power compared to other standard methods. The amount of missing values depends on the type of variable and the industry it measures. Emotional TRMI such as joy and fear are almost always available, while buzz metrics such as market forecast and layoffs have the most missing values. Missing observations tend to cluster, possibly indicating the existence of tranquil periods with no major events. To test the hypothesis that missing values predict a lower volatility, we include a dummy that is equal to 1 when the observation for volatility regressor v t is missing at time t:
Each observation of every series is multiplied by the buzzweight for that particular day, thus giving more weight to a sentiment that is based on high message volume. Another advantage is that extreme observations caused by only a few overly enthusiastic sources is downweighted.
Despite the fact that returns are only observed on weekdays, we cannot exclude the possibility that they are affected by weekend sentiment, especially regarding news data; for example, Pettengill [2003] argued that a large amount of bad news published over the weekend could be the cause of the "Monday effect." For social media, weekend data might be less relevant, because people tend to discuss their private life when markets are closed (Peterson, [2013] ). To account for the release of important news over the weekend (China data, EU summits), we include a dummy that is 1 or ¡1 on Mondays whenever the buzz-weighted sentiment of the weekend before is significantly different compared to the prior twelve weekends (a three-month period):
In Equation (6), m prior12 and s prior12 denote the 12-week rolling mean and standard deviation, respectively. A weekend's sentiment value x wknd is calculated as the Sunday minus the Friday observation. The dummy is added in both the return and volatility equations of our models.
After the above data transformations, we difference each regressor, yielding one-day, one-week, and four-week differences,
MSCI U.S. Equity Sector Indices
As dependent variable we use daily closing prices of the MSCI U.S. Equity Sector Indices from Thomson Reuters. Unlike weekends, public holidays are included, but the observation is the same as on the previous day. We create excess returns by subtracting the general MSCI U.S. log return from each individual sector's log return:
because our interest lies in the effect of sentiment on individual sector returns, rather than movements of the entire market. Descriptive statistics are given in Table 3 . indicates statistical significance at 0.1%.
As is common for financial returns data, the data exhibit strong non-normality.
Results
To avoid computationally expensive frequent re-estimation of the full model, we conduct a preliminary analysis to determine the most relevant variables. A specific-togeneral two-pass estimation approach is applied to assess each variables' predictive power individually. In the first step, the three lags of a variable and its dummies are included in a basic ARX model (Equation 1) per sector. If more than two variables are significant at the 1% level, then the two most relevant ones are retained in a combined ARX model including the other sentiment covariates. We find that some variables lose their significance when other regressors are included. In the second step, an EGARCHX model (Equation 2) is fit to the residuals of the combined first step ARX model. Again, a variable is retained if it is significant at the 1% level, after which the best two are selected through a combined EGARCHX estimation. The estimated signs of regression coefficients have to satisfy the prior beliefs in Table A1 to prevent hindsight bias.
The results of the preliminary analysis reveal five immediate findings. First, sentiment appears to play a more important role in predicting volatility than returns: more variables were found to be significant in the second step estimation compared to the first step. This is also true for the social media data. Second, news sentiment appears to be more powerful than social media sentiment: fewer TRMI were found to be significant in both the mean and volatility equation for the latter. Third, the financials sector appears to be the most sentiment-sensitive in this data set, especially when compared to, for example, Telecom or Energy, for which rarely any sentiment is significant. Fourth, differences between industries also exist with respect to which particular sentiment variables matter. News optimism and social media fear are the only recurring emotions across sectors. Social media apparently picked up the fear of defaults during the Lehman and Euro Crises, whereas professional news optimistically focused on the positive signs of a solution or recovery.
Lastly, the no-talk dummies are rarely significant and inconsistent with our prior beliefs. For example, we found a significant positive effect on volatility of no talk about layoffs, contradicting our hypothesis that silence on digital media corresponds to periods of low volatility. We therefore exclude the dummies from further analysis. The dummies indicating extraordinary weekend sentiment however do matter and are therefore retained. For every sector the two most significant TRMI are chosen for further analysis in the dual regime context. A table with the results across all sectors can be obtained from the authors upon request.
News: Markov switching without conditional heteroskedasticity
Before combining Markov switching and conditional heteroskedasticity, we compare the single regime ARX-EGARCHX model with a Markov-switching model that assumes constant variances. This will allow us to disentangle the improvements offered by these two aspects of the full model. The MS-constant variances model has the same log-likelihood as in Equation 3, with s it 2 replaced by s i 2 ; the variance in each regime is no longer time varying. In order to keep the exposition concise, we will focus on the industrials sector for the remainder of the article. Sentiment has played a larger role in the financials industry, but the large industry specific shocks that this particular sector has witnessed lead to exceptional estimation results. We will highlight some of them throughout and provide detailed estimation results in the Appendix, but focus on the more representative industrials sector here.
The results of both models for industrial specific news sentiment are shown in Table 4 . The parameters in the first column match the notation used in the second section. An additional subscript indicates the regime of a parameter in the dual state scenario. Following our findings from the preliminary analysis, we add trust and market forecast as regressors to the mean equation in both models. The EGARCHX process of the single regime model is driven by buzzweight and optimism (recall that the variances of the Markov-switching model are constant for now). P and 1 ¡ Q are the estimated transition probabilities. The estimated EGARCHX model is stationary (b < 1), and the model captures a significant leverage effect as a is negative. The news regressors market forecast and buzzweight predict respectively the returns and volatility of the industrials sector. The weekend dummy of trust is no longer significant.
The volatilities of the two regimes of the Markovswitching model are estimated at 0.3575 and 0.8887, corresponding to distinct low and high volatility regimes, respectively. Based on the estimated transition probabilities, we determine the average duration of each regime i as 1 6 .1 ¡ P S t ¡ i j S t ¡ 1 D i/ ð Þ . With a duration of 148.85 days, we find that the low volatility regime is more persistent than the high volatility regime (67.28 days). This is consistent with the findings of Gray [1996] . The persistence of regimes varies considerably across sectors; for financials, the low and high volatility regime have an average duration of only 70.55 and 31.99 days, respectively.
Considering the parameter estimates of the regime switching model, it is apparent that the single regime model potentially "averages out" the effect of a variable. For example, the weekend dummy for trust is now significant at the 1% level in the high-volatility regime. This pattern is repeated across all industries and both data types: sentiment is more relevant for predicting returns in periods of high volatility. This confirms our hypothesis that emotions play a larger role in stressed markets.
It is interesting to note that the autoregressive terms are significant in both models, which is at odds with weak-form market efficiency. We nevertheless exclude the autoregressive terms from the estimation of our full model, because they entail a considerable computational cost. Due to their small estimated coefficients we expect the effect of their omission to be small.
Comparing the single regime EGARCHX model with the two-regime model with constant volatilities, it becomes apparent that the latter is too restrictive: the model has a lower log-likelihood, and its standardized residuals do not resemble white noise. The conditional volatility, shown in the middle panel of Figure 2 , closely mimics the smoothed probability of being in the high volatility regime. Nevertheless, the smoothed probabilities capture important volatile periods, such as the Internet bubble and the 2008 financial crisis.
News: Markov switching with heteroskedasticity
We now turn to the estimation of our full model, combining the Markov-switching and EGARCHX models of the previous section. For comparison, we also estimate the MS-EGARCH model without exogenous sentiment regressors. The estimates for the three models applied to the industrials sector are shown in Table 5 .
The EGARCHX estimates without AR terms are almost identical to those in Table 4 . The Markov-switching models still display distinct low and high volatility regimes, characterized in particular by the highly significant constants v i in the volatility specifications. The regimes have become considerably more persistent, with transition probabilities P and Q approaching unity. Within regimes however, volatility is less persistent in low volatility periods, as evidenced by the GARCH parameter b 1 being smaller than b 2 . As b i < 1 for both states, the model is stationary overall. Another interesting finding is that the leverage effect is very much present in the high volatility regime, but is not even significant when volatility is low. This result could not have been captured by a single regime model. This is a recurring finding across many sectors. Likelihood ratio tests confirm that Markov switching is an improvement upon the single regime model (likelihood ratio statistic of 72.85), and adding sentiment to it improves the model fit even more (LR statistic of 51.19). Similar results are found for most sectors; Table A2 shows this for financials, with results for other sectors available upon request.
The signs of all significant coefficients are as expected (Table A1) ; for example, we find that predictions of 
Note. The estimates shown in this table are for the Industrials sector using news data.
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, and y indicate statistical significance at 0.1%, 1%, 5%, and 10%, respectively. , and y indicate statistical significance at 0.1%, 1%, 5%, and 10%, respectively.
industrial asset prices made in professional news (market forecast) drive prices upward during high volatile periods. Increasing optimism in professional news is a good indicator of decreasing volatility. Higher volume of news messages leads to increased volatility in both regimes. The thick gray (red online) line in the lower part of Figure 3 shows the smoothed probability of being in State 2. It is seen that the regimes have become more persistent compared to the homoskedastic Markovswitching model: essentially the model now identifies two main stressed periods. The ex ante probabilities are shown as the thinner black line in the same graph, with periods in which it exceeded 0.5 shaded gray. It is observed that the probability of being in the high volatility regime gradually builds up in the years before the financial crisis, but remains rather volatile itself. Therefore it is not clear whether the statistic was a good predictor of 2008's steep market decline. Figure A2 Figure 2 shows that because of the increased flexibility of the model, the conditional volatility of the MS-EGARCHX model is smoother than that of the MS model with constant variances.
We conclude our comparison of models with a series of out-of-sample tests. We reserve the last 2.5 years of data starting in January 2011 for this purpose. The outof-sample period contains 650 observations and includes the Euro crisis. As before, we focus on the Industrials sector for this exercise. Results for the financial sector are presented in Table A3 in the Appendix.
Return prediction is evaluated based on mean squared error (MSE), mean absolute error (MAE), and the hit ratio (HR). The latter statistic indicates how often the sign of the return is predicted correctly. Table 6 contains the results. We find that the differences between models are small, implying that neither adding sentiment nor multiple regimes help in forecasting returns, despite the coefficients being significantly different from zero. This finding is consistent with semistrong market efficiency. The second set of backtests comprise value-at-risk (VaR) statistics. For computing 1% and 5% VaR forecasts, we fit a scaled student's t distribution to the standardized residuals of each model to allow for fat tails. Two hypotheses will be tested: the unconditional coverage hypothesis is violated if the average frequency of VaR exceedances differs from the nominal rate of 1% or 5%. The independence hypothesis is rejected if exceedances are clustered. Both hypotheses can be tested by defining the hit series
and regressing it on a constant and its first lag, that is,
Unconditional coverage and independence can respectively be tested with t-tests on b 0 and b 1 . This is known as the Engle-Manganelli test (Engle and Manganelli [2004] ). Figure A1 shows the VaR forecasts for industrials. The test results in Table 6 show that the independence hypothesis is strongly rejected for the single regime models for the 1% VaR level, whereas no test rejects at the 5% level for the three Markov-switching models. We observe that for both the single-and dualregime models, the inclusion of sentiment regressors increases the estimated degrees of freedom of the t distribution fitted to the residuals, indicating that the fattailedness of the data are slightly reduced by taking sentiment into account. Similar conclusions can be drawn across all sectors.
Social media
We repeat the analysis of the preceding section for the social media TRMI. As with the news data, we focus on the Industrials sector and relegate the results for the Financials sector to the Appendix. As discussed in the third section (Thomson Reuters Marketpsych Indices), the sample for social media starts in August 2006 with the launch of Twitter, leaving only 1,804 observations compared to 4,020 for the news data.
From the preliminary two-step analysis the four sectors energy, healthcare, materials, and telecom do not appear to be driven by social media at all. Table 7 shows the estimates for the full model and its special cases fitted to Industrials. No sentiment regressors were included in the mean equation, but we find that a four-week increase in fear causes higher volatility in the single regime model. However, in the two regime case this significance is lost and the sign reversed. This is likely due to the small sample size (note the large standard errors). The insufficient sample size is particularly apparent for the financials sector, because the sample is largely dominated by financial crises. Therefore, the model remains in the high volatility regime for the entire period between the housing bubble and early 2013. Consequently, there exist only very few data points from which to estimate the low volatility regime parameters. Likelihood ratio tests indicate that the Financials sector is the only one for which including social media sentiment significantly increases the likelihood (see Appendix Table A2 ).
Certain other irregularities of the estimates can be attributed to the small sample size as well. For example, the estimates for b i -and hence the persistence in volatility-are quite low, and the constants v i in the volatility equations differ markedly between regimes. In fact, for the information technology (IT) sector, the difference between v 1 and v 2 is so pronounced that the Ms-EGARCHX model essentially behaves like a MS model with constant variances.
Another problem associated with the small sample size is that for some sectors, the estimators converge to different local optima depending on the starting values used. Some of these local optima are associated with very small transition probabilities P or Q, essentially making one regime redundant. In these cases, one of the regimes essentially serves to capture an outlier. A similar phenomenon occurs in the estimation of mixture GARCH models. Broda et al. [2013] proposed estimation methods that alleviate the problem in the latter context. Here, we deal with such degenerate estimates by choosing alternative starting values. We refrain from conducting an out-of-sample exercise for social media data, as removing the most recent 2.5 years of data would leave even fewer observations for estimation.
Conclusions
We have considered regime-switching models augmented by exogenous regressors to determine the predictive capabilities of investor sentiment for various equity markets. The estimates demonstrate the existence of a low-and a high-volatility regime, allowing us to analyze whether sentiment plays a more important role in stressed markets compared to calm periods. This is found to be true for the Industrials news data, for which buzz on the direction of the market (market forecast) is shown to be a significant predictor of returns during high volatility periods. Across sectors, there is only weak evidence for this theory. For volatility, there is no apparent difference in sentiment's predictive power between regimes. We find, however, that the leverage effect is more significant during turbulent markets.
Substantial differences in sentiment sensitivity were found across sectors. Among the 10 industries, the TRMI were the most predictive for financial equity. Other sectors, such as energy and IT, are barely affected by sentiment. Marketwide, we find that sentiment predicts volatility better than returns.
One limitation of the present study is the short sample available for the social media data, resulting in large standard errors. Estimating the single regime EGARCHX model on subsamples of the data, we also found more evidence of predictability for more recent periods. Future research based on an extended data set might be able to take advantage of this. Additionally, a larger data set would make the estimation of extended models feasible; for example, one might consider estimating an encompassing model that includes both news and social media, although this presents a major computational challenge. One could also entertain the idea of making the transition probabilities dependent on sentiment as in Gray [1996] and Liu, Margaritis and Wang [2012] .
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Appendix A.
This Table provides descriptions of the Thomson Reuters Marketpsych Indices (TRMI) used for this research. The last two columns present our prior beliefs concerning the relationship of the metric in question with returns and volatility: positive (C), negative (¡), or none (0). This table's rows "nr. X mean" and "nr. X vol." correspond to the number of sentiment regressors in the mean and volatility equations, respectively. Their sum multiplied by the number of regimes in the model in question amounts to the degrees of freedom in the null distribution of the LR test. 
